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Introduction

» Motivation N
» Interoperable Differential SAYENAY SYSIENS
» Using GPS, GLONASS;, GALIISE®) or OWEY;

future satellites \
» Several Aspects to Interoperavility of
Differential systems \

> Estimation of Errors
> Focus on Orbit errors-Orbit EStimation
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Kalman Filters

»Kalman filter is a sequen
normally based on the Innc
problem is normally stated

»Given a sequence of
estimate the sequence

linear system driven by
» Linear Model formulation

X[ +1]=AXx
y[n] = H[n]»
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Adaptive Kalman Filters

» Kalman filtering: The Key issue
covariance matrices of the s
noise statistics was assume

> Noise Statistics may be UNKN QW\ :
» Adaptive Kalman Filtering/fac

» Dynamic Estimation of NoiS€
> Suitable for Orbit Estimation
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Extended Kalman Filters

» Extended Kalman filter (EKE)SpIOVIUESEE
efficient method for estimatesiofithe

1) state of a discrete-time; non=lineandyndngcal
system. X

» (The Filter Is a recursiver procevire to
optimally combine noiSy obSenvatonsawith
predications)

2) estimating the parametersShofamuyiianmic
model (e.g. bias or drift in'the dynamcs)
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Unscented Kalman Filters(UKF)

» The unscented trans
method for calculati
random variable
nonlinear transformati

> It is based on the fz
approximate a proba
an arbitrary nonlinear

> Does not suffer from
Extended Kalman filte
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Orbit Modelling: Simulation

» Several approaches:
» Cartesian Coordinate
» Euler Hill Coordinate
» Lagrange planetary equations
» Hill Clohessy Wiltshire Linearmodel
»>We choose the Cartesian’approaciiimand
include only: |
i) Earth oblateness effects; C20/anc CZ2ZReRNs
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Orbit Model

Dynamic model in orbltlng \
dijldt=%", ,v‘a‘f y,dzfde=%", (37a)

b3 H, 8[72 ~
=-—23F+ +x+2¥'+ %, (37D
i 7 E V't Frg, (370)

V' My 3U2
= 2 ¥+ + 2x +y" (37cC
i~ H, —= > ¥- Fres» (37 C)

Dr. R. Vepa, Queen Mary, University of London - School of Engineering and Material Science

Oct. 28-30, 2008




Orbital Response

First 3 states: x, y and z Second 3 states :xdot, ydot and zdot
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Fig. 1a. GLONASS satellite positi
prediction normalised to orbit rad
versus time in minutes.
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Orbital Response Errors
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Fig. 2a. GLONASS satellite
position prediction error versu
time in minutes.
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UKF Based Filtering: Error Estimates
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Fig. 3a GLONASS satellite U
based position estimate err
versus time in minutes.
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UKF Based Filtering:

Pseudo-Range Error Estimates
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Maximum UKF base
estimate error is
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Modified UKF Based Filtering:
Pseudo-Range Error Estimates
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Adaptlve UKEF Filter: Error Estimates
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Fig. 7a GLONASS satellite ada
UKF based position estimate
versus time in minutes.
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Adaptive UKF Based Filtering:
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Maximum modified UKE basedspseuaoranye
estimate error is below 1 mm
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Conclusions

»The main reason
performance of the U T
approximates the Ny
covariance to third ord 1
than linearization.

»SVD improves perfor
significantly

» The modified and adag
the use of arbitrary real
process and measureme
and thus give very go
navigation satellite’s pse
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